In this paper, a new model is developed to address the so-called multi-objective multi-mode resource-constrained project scheduling problem under uncertainty conditions in the problem parameters. The two objective functions are minimising the project NPV and the project makespan, which is the first contribution of the current research. The proposed model is much more realistic one in comparison to previously developed model. This approach explicitly considers the risk acceptance level and the optimism of the project managers in the final decision, which are the main contributions of the current research. To show the efficiency of the proposed model in real applications, an efficient metaheuristic method based on memetic algorithm and cuckoo optimisation algorithm is developed to solve this problem, which is in fact, the second contribution of the paper. The algorithm embeds the cuckoo optimisation algorithm as a powerful local search method inside the genetic algorithm to improve its performance. To test the algorithm performance, a number of test problems from PSPLIB library were taken and then the proposed algorithm and the famous NSGA-II were examined over these problems, separately. The results were compared according to three different criteria. Computational results show that the proposed memetic-cuckoo algorithm is more efficient than the NSGA-II according to three different comparison criteria.
Introduction
One of the most important factors in a project management success is the project scheduling problem. Classical models of resource-constrained project scheduling problems (RCPSPs) can not reflect the real-world issues such as inherent uncertainty and imprecision in the problem parameters. During the past decades, this problem has been studied assuming deterministic parameters, where such an assumption could not cover all events and behaviour of the actual problems. In the early '60s, the critical path method (CPM) was introduced in the project management science (Kelley, 1961) . The CPM has become the most useful tool in practice. Malcolm et al. (1959) proposed project evaluation and review technique (PRET) method to deal with statistical uncertainty. Since the introduction of fuzzy concept by Zadeh (1965) , the majority of studies addressed fuzzy approaches and nearly all these studies focused on fuzzy PRET models, in the first decade (Prade, 1979; Chanas and Kamburowski, 1981) . Gazdik (1983) assumed a fuzzy network, in which some input variables such as the duration of activities were imprecise, and proposed a technique called FNET based on a combination of fuzzy sets and graph theory. Nasution (1994) presented a fuzzy CPM model, and showed that more exploitation in the network can be made using non-negative part of fuzzy numbers.
To summarise, the characteristics of RCPSP models in the reviewed researches are as follows:
• the objective function is the minimisation of makespan
• they did not involve the concept of time value of money in the cost calculation
• most of the models are considered as single-objective.
In the real-world applications, project managers are facing with multiple-objective problems and sometimes there are some conflicts among the objectives. On the other side, uncertain inputs cause the problem outputs to be uncertain. Input data can be incomplete due to the statistical or non-statistical uncertainty. However, probability theory can provide suitable solutions for dealing with the statistical uncertainty, but the statistical methods are not able to provide appropriate solutions when there are insufficient data for a new activity or when a part of the data distribution is unknown. Fuzzy-based methods could be a suitable alternative for these cases.
One of the most common approaches to deal with multi-objective problems is converting them to a single objective problem using the linear weighted summation method. In these methods, a weight is given to each objective and the new objective function is formed using a linear combination of the problem objectives. Sometimes these linear objective functions, are not able to demonstrate the trade-off between the conflicting objectives and consequently, the solution quality level is reduced. Also, finding these weights is difficult. Thus, using the Pareto solutions approach seems to be an appropriate alternative to overcome these issues.
In this research, a fuzzy approach is used to deal with the parameters uncertainty and imprecision. To do this, anew fuzzy mathematical model considering the time value of money in cost calculation process is proposed for RCPSP. To solve the problem, a multi-objective cuckoo-memetic algorithm (MOCM) using the mechanism of NSGA-II relying on the concept of Pareto non-dominated solutions is used. Different sets of non-dominated solutions are identified by employing different levels of risk acceptance. For each separate Pareto fronts, the accepted risk level and optimum of the project planning are addressed using the α-cut approach and the optimism index (β), respectively. Finally, to determine the performance of the proposed algorithm, the obtained results are compared to the classical multi-objective GA. The paper is organised as follows: Section 2 presents some operations on fuzzy numbers and fuzzy numbers ranking. In Section 3 the proposed model of RCPSP with fuzzy parameters is described, and Section 4 contains computational results. The conclusions and recommendations for future researches are provided in Section 5.
Problem formulation

Fuzzy number and operations
Fuzzy set theory is used to characterise and quantify uncertainty and imprecision in data and functional relationships (Zadeh, 1965) . Most of previous researches in RCPSP used the triangular and trapezoidal fuzzy numbers to model the problem. Since the triangular fuzzy numbers are a special case of trapezoidal fuzzy numbers, to keep generality, the trapezoidal fuzzy numbers are used for presenting uncertain parameters in this paper. Some basic definitions are presented here to formulate the problem (Zimmermann, 2001) .
Let A be a fuzzy number, i.e., a normalised convex fuzzy subset of the real line : The membership function of A has the following form:
If
( 1, 1, 1, 1) A a b c d = and ( 2, 2, 2, 2) B a b c d = are defined as trapezoidal fuzzy numbers, then the following operations can be shown as:
( 1 2, 1 2, 1 2, 1 2) A B a a b b c c d d
( 1 2, 1 2, 1 2, 1 2)
The maximum of two fuzzy numbers is defined in (∨) and for two trapezoidal fuzzy numbers it can be estimated by (∧) equation.
Figure 2 The left and right spreads of fuzzy number A i and A j
There are different approaches to rank the fuzzy numbers. More than 30 ranking methods are available for fuzzy numbers. An approximate approach based on the left and right dominance is employed in this study (Chen and Lu, 2001) . Equations (8, 9) and also Figure 2 illustrate the corresponding left and right spreads of fuzzy numbers A t and A j at the k
is defined as the average difference of the left (right) spreads at some α levels. This concept could be formulated as follows (Chen and Lu, 2001 ):
According to the above equations, (n + 1) α-cuts are used to define the dominances. Let α k denote the k th α level, and 
The index of optimism is used to reflect the decision maker's (DM) optimism degree.
The larger value of the optimism index β implies that the left dominance is more important for the DM. A more optimistic DM generally takes a larger value of this index.
For example, a situation in which β = 1 (or 0) represents a fully optimistic (pessimistic) DM's perspective. In this situation, the DM will only consider the left (right) dominance. A DM can compare a pair of fuzzy numbers, A i over A j using D i,j (β) based on the following rules (Chen and Lu, 2001) :
Description of RCPSP under uncertainty
In this section a new fuzzy mathematical model is developed for the RCPSP. A project consists of n activities which is shown by a network G = (N, E), where N represents the nodes (activities), and E represents the edges (precedence relations among activities). Activity i cannot start up unless the preceding activities are finished. Also, each activity i can be completed in one of M i feasible modes. In many solving methods for RCPSP, duration of each activity, resource availability levels, and project costs are assumed to be known and constant. There is no interruption in each activity execution. Each selected mode for an activity cannot be changed. Activities 1 and n are dummy ones that represent the start and completion of the project, respectively. Each activity i has a set of predecessor activities denoted by θ i . In the classical models, duration of an activity is a crisp number, where the duration of activity i in mode
But in the fuzzy model, im d is defined as the fuzzy duration of activity i with membership function ( ). Subject to:
In the above problem, X jm is a binary decision variable which equals to 1, if activity j is completed in mode m, otherwise it equals to zero. Equation (13) shows the objective function of the fuzzy project costs regarding the present value of the costs. Equation (14) defines the objective of minimising the project fuzzy makespan. Equation (15) ensures the technological precedence of implementing activities. Equation (16) indicates that during the completion time of project just one mode should be allocated to each activity. Equation (17) is a constraint indicator in the project's renewable resources.
Fuzzy CPM
To determine the project scheduling of activities, a fuzzy forward pass and a modified fuzzy backward pass are used (Soltani and Haji, 2007) . The corresponding relations are provided below:
where j E is the fuzzy earliest time of event j, s T is the fuzzy time for starting of the Subtracting two fuzzy times in the conventional fuzzy backward pass methods, may lead to negative fuzzy times. That's why a modified backward pass method is used (Soltani and Haji, 2007) . A modified backward pass method is presented as follows:
max 0, min , min , min 
where ij lS is the fuzzy latest starting time of activity (i, j), ij LF is the fuzzy latest finishing time of activity (i, j), and d ij is the duration of activity (i, j).
Multi-objective memetic-cuckoo algorithm
Since the mathematical problem for RCPSP in Section 2.2 is a new model, a new meta-heuristic algorithm is developed to solve the bi-objective problem. GA was introduced for the first time by Holland (1975) . In GA, each individual of the population which represents a potential solution for the problem is called a chromosome. Whenever two parents combine with each other, the generated child will be better solution for the problem with high possibility. In classic GA, the next generation is generated by mutation and crossover operators over the current generation. In a GA, a good solution space for the problem is defined at first, but when the algorithm continues, the convergence rate toward the global optimum becomes very slow. Another disadvantage of this algorithm is facing with the lack of stability in the algorithm solutions. Among the proposed methods to alleviate these weaknesses, combining strategies have a very important rule. Memetic algorithms (MA) are considered as one of the most famous members of this family which is obtained by combining GA and a local heuristic research such as hill climbing approach. Recent studies have shown that memetic approach produces more effective solutions with higher quality than classic GA (Krasnogor and Smith, 2005) .
Recently, a new metaheuristic search algorithm, called COA, has been developed by Rajabioun (2011) . This algorithm process is inspired of a bird hatching method named the cuckoo bird. A bird egg has very rich proteins, and for this reason, a lot of hunters are searching for the eggs. Thus, the birds usually search a safe place to lay their eggs. This thread is a big challenge for the birds. Different birds are clever in finding a safe place for their eggs. One of the most interesting methods belongs to the cuckoo bird. This bird uses other nests by cheating them. The mother cuckoo puts an egg at a host bird's nest which is surprisingly similar to the original. Among these hosts, there are also some birds that can recognise the cuckoo eggs in their nest. Even, sometimes the cuckoo eggs are thrown out of the nest. Eggs that are more similar to the host's eggs take this opportunity to become a mature cuckoo. The mature bird does the same manner for reproducing, instinctively.
The purpose of a cuckoo algorithm is to find a habitat for the chick to survive. Preliminary studies show that this algorithm is very promising in solving single-objective problem and could outperform existing algorithms such as PSO and GA. COA by generating a new population using egg laying and migration operator. Egg-laying operator is diversity-oriented and migration operator is converging one. The egg-laying behaviour of this algorithm is in fact a local search method which could be useful in the MA.
Coding
In a MA, each solution is called a chromosome. Each chromosome is represented by a string with a length of n (number of activities). In the proposed algorithm, each gene is shown by a decimal number inside the interval of (0, M i ) in which M i represents the mode number of activity i. The decimal part of each chromosome indicates the priority of that activity and the integer part shows the selected mode for completing the activity. This way of representation is called a random key method. 
Decoding
The schedule generation scheme (SGS) is the main core of converting the habitat to the project schedule in a metaheuristic algorithm. Many researchers working on RCPSP have concluded that the parallel procedures give generally better results than the serial ones.
The parallel procedures are used in this paper, also. A solution (chromosome) is determined by means of fuzzy parallel scheduling procedure and also by decoding the scheduling plan of each activity. This approach is taken from Hapke and Slowinski (1996) , but regarding the resource parameters, they are considered to be fuzzy and the subtraction operator's defect has been removed. The Pseudo Code of the fuzzy parallel procedure is presented in Figure 3 .
Crossover
The Uniform crossover was used in this algorithm with the possibility of Pc. In the first stage, a vector of 0, 1 elements is randomly generated with a length as same as the chromosome length. In the second stage, if the generated gene is 1, the gene corresponding to the first child of the first parent and the gene related to the second child of the second parent are used. If the generated gene is 0, the gene corresponding to the first child of the second parent and the gene related to the second child of the first parent are used. This procedure is shown in Table 1 . Also, the chromosome selection rule is based on the Roulette cycle. 
Mutation operator
A single point mutation is used in this algorithm with a possibility of Pm. In the first stage, a random chromosome is selected from the available population and then a random number between 1 and the total number of activities (n) is generated. In the second stage, a random number between 0 and the index of completion modes (M j )is generated and replaced by the gene corresponding to the first random number. In the mutation process, selection of chromosomes is carried out, randomly. In each repetition, Pm is decreased for next repetition. Equation (23) shows this procedure.
Pop size of population
Pm start possibility of implementation of mutation in the beginning of algorithm.
( )
Local search
On the benefits of using a local search meta-heuristic algorithm is its efficient speed in converging to the near optimum solutions. In the proposed met-heuristic algorithm, a local search algorithm has been embedded to ensure the efficiency of the procedure of convergence. After applying the mutation and Crossover operators in The MA, a local search method is applied on the generated chromosomes. Some experts believe that what a live creature learns from the environment during its life is coded in its gene structure. This belief is based on Lamarck approach (Krasnogor and Smith, 2005) . Each mature cuckoo will be assigned a few eggs, randomly. In the nature, each cuckoo lays from 5 to 20 eggs. The number of eggs assigned to each cuckoo is between an upper bound and a lower bound which are the problem parameters. Cuckoos will just lay eggs in their territory. The territory radius is called an egg laying radius (ELR) and is determined using the following formula: where var hi and var low are the upper and lower limits of the values decided by the DM. α is an integer that controls the maximum values of ELR. A cuckoo's egg laying process for 4 eggs is shown in Figure 4 . Each mature cuckoo starts laying eggs randomly in some other host nests within her ELR. Solutions are obtained from a local search method as the current generation of children. At this stage, primarily solutions are evaluated according to the objective functions. Then, the solution ranking is carried out based on the concept of non-domination solutions. The ranking approach is shown in Figure 5 . When the sorting process is completed, the value of the crowding distance (CD) will be assigned to the population fronts. This approach is shown in Figure 6 . The best solutions have to be selected among the first ranked solutions based on the tournament selection rule. The CD criterion is an important rule for choosing the best solutions among the first ranked solutions. Figure 7 shows the memetic-cuckoo multi-objective algorithm structure which is used in this paper. 
Computational results
In this section, first of all, the parameters of the proposed MOCM have been tuned up in order to improve the solution quality and the computational speed using a Taguchi design method. Then, the set of Pareto solutions obtained from the MOCM, will be compared to the set of solutions obtained from a non-dominated sorting genetic algorithms (NSGA-II). The algorithms were simulated in MATLAB 7.8 software. The simulation model were run on a PC with Core i7, 2.8 GHz as CPU, 8 GB RAM under Windows 7 platform.
Parameter tuning
In order to have a good performance, many parameters must be considered. Optimising the parameters of an algorithm can be empirically an extreme time consuming activity. Typically for optimising algorithm parameters, factorial experimental design is used. In this method, the optimum parameters are found with high probability. The main drawback of this method is that if the factors are more than 3 to 4 ones, total tests increase rapidly. To overcome this problem, orthogonal arrays can be used to reduce the number of trials, while finding the strength does not reduce benefits. One of the favourite methods which use orthogonal arrays is Taguchi design and it is used in this research.
In the Taguchi method, the factors affecting the algorithm can be divided into two categories: controllable factors and noise. Eliminating the noise factor is impractical. So, the purpose of Taguchi method is to minimise controllable factors and find the optimum control parameter levels. For this purpose, the Taguchi method converts solution values to the ratio of signal to noise (S/N). The signal determines the optimal value (the solution average variable) and the noise represents the non-optimal value (standard deviation). However, there are different types of S/N ratios, the following type is used in this paper: 2 10 / ratio 10.log y S n n Here, seven factors which can affect on the multi-objective cuckoo-MA performance are examined. For each factor, four levels defined according to Table 2 . Hence, for optimisation of these levels, a L 16 ( 5 4 ) design of orthogonal arrays including 16 experiments was used. Each experiment is repeated five times. The aim is to find the best levels for the algorithm parameters such that a set of Pareto solutions is optimal or near optimal. For this purpose, a special index named MID (the average distance from ideal) is used. This criterion measures the closeness of Pareto solutions to the ideal point (0, 0) using the Euclidean distance method. According to this criterion, the best Pareto solution set is the one with the lowest MID. The graph rate for S/N values is shown in Figure 8 . According to Figure 8 , the best levels for the parameters are level 3, 4, 2, 3, and 2, respectively. According to these results, the optimum value for the population size is 200, for the number of generations is 100, the crossover possibility is 0.84%, for mutation possibility is 0.7, maximum number of eggs equals to 7, and each cuckoo lays eggs between three and six at its domain controller. 
Comparison and the results
In this section, the performance criteria for the proposed algorithm are defined. Then the results of implementing the proposed algorithm on the test problems are compared according to the mentioned criteria. The statistical analysis showed the significant differences in the algorithm efficiency according to the mentioned criteria. The Multi objective GAs have been proved as efficient approaches in dealing with the project scheduling problems and could be a good competitor for comparison purpose and also for validation process of the proposed algorithm. To compare these two algorithms, 40 test problems including 20 activities were taken from the PSPLIB library. These parameters for these problems were converted to trapezoidal fuzzy numbers. The costs of activities are assumed to have trapezoidal fuzzy random numbers; in which the centre of gravity has a uniform distribution between 1,000 and 4,000. The two algorithms were compared-based on three criteria: Mean ideal distance (MID): is the Euclidean distance between the ideal point (0, 0) and Pareto solutions. The smaller values of this criterion are better ones. Rate of achievement to the two objectives, simultaneously (RAS): the smaller it is the higher solutions quality.
For statistical analysis of time and cost, fuzzy values should be transformed to a crisp value using a centre of gravity defuzzifier. Therefore, if a fuzzy number ( ) x is covered by its membership function A, the centre of gravity ,
x as the centre of region which is covered by A, may be defined as:
(1 ) μ are the left and right membership functions of the fuzzy number , x respectively. Also, V α = {x ∈ V|µ A (x) ≥ α}. Table 3 shows the parameters value obtained from implementing the algorithm for these problems. In this table, the first column is the problem name in the library. The second column is the MID criterion value obtained using MOCM. The third column is the same value for NSGA-II. The fourth and the fifth columns are the value of SNS criterion for MOCM and NSGA-II, respectively. Also, the sixth and the seventh columns are RAS values for the two algorithms. Also, Table 3 shows the paired T-test for the indices obtained from both algorithms. As the results show, the distribution of the Pareto solutions in the MOCM algorithm is better than NSGA-II ones. The results show that quality of MOCM solutions dominate NSGA-II ones regarding all defined indicators, on average. This fact shows that the proposed algorithm outperforms its famous competitor. Also, Table 4 shows the paired T-test for the indices obtained from both algorithms. As the results show, the distribution of the Pareto solutions in the MOCM algorithm is better than NSGA-II ones. And in general, according to the computational results, with significant level of 99%, MOCM algorithm performs better than NSGA-II in terms of the defined indices. Also, to show the efficiency of the proposed algorithm, Figure 9 shows the non-dominated solutions of MOCOA and NSGA-II algorithms for the problem J3115-1.mm and the data has been shown in Table 5 . , 8, 10, 11] [4, 5,7,8] [3,850, 3,950, 4,150, 4,250] 3 [0, 0, 0, 0] [7, 8, 10, 11] [8, 9, 11, 12] [3,850, 3,950, 4,150, 4,250] , 8, 10, 11] [3, 4, 6, 7] [3,850, 3,950, 4,150, 4,250] 2 [0, 0, 0, 0] [7, 8, 10, 11] [5, 6, 8, 9] [3,850, 3,950, 4,150, 4,250] 3 [0, 0, 0, 0] [5, 6, 8, 9] [8, 9, 11, 12] [2,950, 3,050, 3,250, 3,350] 
Conclusions
In this research, a new fuzzy model was developed for the so-called multi-objective RCPSP, which is the first contribution of the paper. The first objective was to reduce the negative cash flow using the minimisation of NPV in the fuzzy environment and the second one was minimising to project makespan, which is the first contribution of the current research. The fuzzy sets theory is used to deal with actual ambiguity and uncertainty in real world applications. The proposed approach, is used the fuzzy sets theory for embedding uncertainties in time, cost and available resources into the modelling structure. Also, this approach explicitly considers the risk acceptance level and the optimism of the project manager in the final decision. Also, for the DMs, the possibility of choosing the best combination between the non-dominated solutions provided by the proposed algorithm is provided.
To show the efficiency of the proposed model in real applications, an efficient metaheuristic method-based on MA and COA developed to solve this problem. This solving method is in fact the second contribution of the research. To test the algorithm efficiency, a number of sample test problems from Fuzzy embedded standard test problems were taken from PSPLIB library. The proposed algorithm and the famous NSGA-II were examined over these problems, separately. Then, the results were compared according to three different criteria. Computational results show that memetic-cuckoo algorithm is more efficient than NSGA-II. In general, considering the time value of money, fuzzy sets theory makes the problem more realistic and consequently the decisions are closer to reality. Regarding the future researches, considering both renewable and non-renewable resources in the model is the first recommendation. Also, changing the fuzzy environment to an agent-based simulation environment could be a useful framework when the statistical data is available for estimating of the distribution functions.
